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Ignazio Basile (Italy), Pierpaolo Ferrari (Italy), Guido Abate (Italy)

THE IMPACT OF SECTORIAL

AND GEOGRAPHICAL
SEGMENTATION ON RISK-BASED
ASSET ALLOCATION TECHNIQUES

Abstract

In the last decades, risk-based portfolio construction techniques have enjoyed a wide-
spread diffusion in the financial community. This study aims at evaluating how these
approaches produce different results depending on whether the segmentation of the
stock market investment universe is based on sectorial or geographical criteria. An em-
pirical analysis, applied on the global equity market, is carried out by making use of the
typical and most advanced statistical and financial evaluation measures. Geographical
segmentation is carried out in relation to the listing market, while sectorial segmenta-
tion is made in relation to the productive sectors to which individual companies be-
long. Our comparative analysis provides substantially coherent results, demonstrating
a significant preference for the sectorial criterion compared to the geographic one. In
conclusion, this result can be attributed to the subdivision of the investment universe
into sectorial indices characterized by greater internal coherence and better external
differentiation, in addition to the lower concentration of sectorial segmentation com-
pared to the geographical one.

Keywords risk-based strategies, sector indices, geographic indices,
risk parity, global minimum variance, equal weighting,
maximum diversification

JEL Classification Gi1

INTRODUCTION

Using an empirical analysis, this study identifies the segmentation cri-
terion most suited to the implementation of risk-based portfolio con-
struction strategies in the “equity” asset class.

The investment process in a top-down approach starts with the di-
vision of the investment universe into different asset classes, with
each asset class representing a set of financial assets characterized
by high similarity in terms of their risk-return combination. The
significance of the identification of the asset classes is clear, since
the forecasting process of the market variables is achieved via the
formulation of expectations concerning the evolution of the gener-
al economic scenario to produce the forecasts regarding the future
of single-market sectors, which are specifically distributed into as
many asset classes.

The composition criteria are different for equities, bonds, or mon-
ey market instruments. However, in every case, the selected asset
classes must comply with the following requirements: completeness,
internal consistency, and external differentiation. Completeness
implies that the selected asset classes should cover the entire in-
vestment universe. Internal consistency is satisfied if each asset
class consists of financial instruments that are as homogenous as

http://dx.doi.org/10.21511/imfi.16(3).2019.24
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possible and similarly subject to systematic risk factors. Finally, external differentiation requires
that different asset classes have distinct exposures to sources of systematic risk, such as macroeco-
nomic and political factors (Basile & Ferrari, 2016).

In the equity market, asset classes are usually defined using the sectorial or geographic criteria.
Sectorial criteria are based on the assumption that securities of firms in the same industry move
in a similar way, since the company’s industry determines the degree of sensitivity to macroeco-
nomic and political factors. These factors include technological advancements and the consequent
changes in production processes, the competitive structure of the market, economies of scale and
infrastructural needs, the evolution of consumer preferences, the dynamics of the global economic
cycle, and the commodities market. Geographic criteria are based on the assumption that securi-
ties listed in the same market tend to be correlated as companies operate with the same currency,
have the same basic interest rates, and are subject to the same economic policy and country risk.

This paper is divided into three sections: the first provides a review of the literature on risk-based strate-
gies; the second explains the methodology of the analysis and the chosen sample; and the third focuses

on measurement and interpretation of the results.

1. RISK-BASED STRATEGIES:

REVIEW OF LITERATURE

For decades, and with a greater focus in the
years following the 2008 financial crisis, schol-
ars, practitioners, and institutional investors
have been reevaluating approaches to asset al-
location with “ancient” origins or promoting
new approaches to the construction of portfo-
lios that avoid the optimization of the trade-off
between expected return and risk, and, conse-
quently, the application of the mean-variance
optimization.

The fundamental and common characteristic of
these alternative approaches to portfolio con-
struction must be identified by removing the
expected returns from the set of inputs; thus,
they are defined as u-free strategies. The rea-
sons underlying this choice can be traced to the
literature concerning estimation risk (Best &
Grauer, 1991). Chopra and Ziemba (1993) show
that an investor with average risk aversion can
incur losses, measured in terms of lower utility,
eleven times higher in the event of a wrong es-
timation of the means compared to an identical
estimation error of variances. Notwithstanding
the advantage derived from the simplification
of estimating inputs, some studies have criti-
cized these models because of the absence of
a clearly defined objective function (Lee, 2011;
Scherer, 2011).

http://dx.doi.org/10.21511/imfi.16(3).2019.24

Therefore, the implementation of risk-based strat-
egies requires only the estimation of the risk mea-
sures (volatilities and correlations or, equivalently,
the covariance matrix), as they are the only inputs
relevant to the asset allocation process (Braga,
2016). In the following subsections, the most wide-
spread risk-based techniques, such as optimal risk
parity, global minimum variance, most diversi-
fied portfolio, and equal weighting, are studied in
depth.

1.1. The optimal risk parity

After certain pioneering contributions by asset man-
agers (Qian, 2005, 2006; Neurich, 2008), the theo-
retical foundation of risk parity was defined and
formalized for the first time by Maillard, Roncalli,
and Teiletche (2010). It is based on the principle
of risk budgeting, which allows the portfolio con-
struction process to be set up in terms of risk allo-
cation, rather than asset allocation (Denault, 2001).
The idea behind the optimal risk parity approach
is to prevent the concentration of portfolio risks in
a limited number of dominant positions. Thus, the
risk allocation is defined such that each component
of the portfolio offers the same ex ante risk contri-
bution, namely, a contribution equal to the forma-
tion of the overall portfolio risk.

Portfolio weights, therefore, are identified through

an optimization process subject to the following
constraints (Roncalli, 2014):
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RC, (x) = biR(x),
b =0,
x, =0,

Sy ot
i=1
Zn:xi =1.
i=1

©)

The symbol x; refers to the portfolio weights, while
the symbol b, refers to the relative budgets of risk,
predefined by the manager based on the risk expo-
sure objectives. Both are subject to the budget con-
straint (i.e., they must sum to 1) and the non-neg-
ativity constraint. Moreover, the first constraint
requires that the risk contribution RC, of each
i-th asset class correspond to the objectives of
risk budgeting. We can observe that the first con-
straint implicitly does not allow weights to take a
value equal to zero. Consequently, the procedure
does not exclude any component of the investment
universe from the portfolio. Furthermore, the al-
location of negative risk budgets to one or more
constituents of the portfolio determines the con-
centration of the entire risk exposure regarding
the other components of the investment universe;
thus, the relative risk budgets are subject to the
non-negativity constraint.

The optimal risk parity technique is a type of risk
budget portfolio, in which all the components of
the investment universe are expected to have the
same risk contribution. Thus, the constraint on
risk budgets becomes b, =1/n, where n is the
number of asset classes into which the investment
universe is subdivided.

The constrained optimization problem does not
provide a closed-form solution, but a numerical
solution can be derived by minimization of the
following objective function:

o (x,0,R(x) %0, R(x)Y

)=

i=l j=I J

.(2)

Given the aforementioned constraints, it is a
matter of solving a constrained non-linear pro-
gramming problem, which only admits a numer-
ical solution, through an iterative process using
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a sequential quadratic programming algorithm
(Basile & Ferrari, 2016). It should be noted that
this technique, while widely used and easily im-
plemented, is not the only one that can be applied
to optimal risk parity. For further details on this
topic, refer to Chaves et al. (2012).

Roncalli (2014) and Scherer (2015) note that the
tangency portfolio satisfies the condition that the
ratio between the marginal expected excess return
and the marginal risk is identical for all the com-
ponents of the portfolio, with a consequent pro-
portional relation between the expected excess
returns and marginal risks of the constituents of
the tangency portfolio. This assertion can be for-
malized as follows:

oy =R, ) /0w, _o(4, )/aw 3)

oo, [ow, Gap/ﬁw

Therefore, the impact on the return of an increase

in the weight of a portfolio component is counter-
balanced by the additional risk from the extension
of its position in the same way across asset class-
es. Evidently, in the case of the tangency portfolio,
a change in the allocation cannot provide an en-
hancement in the portfolio risk-adjusted perfor-
mance. Thus, the ratio in the previous equation is

also in the Sharpe ratio of the tangency portfolio,
which every investor should prefer. This portfolio,
consequently, also verifies the following equation:

Hp— R, -R, Zw
o, o,

4)

Namely, the excess return of each constituent, im-
plied by the allocations of the tangency portfolio,
is proportional to its marginal risk.

1.2. The global minimum
variance portfolio

The objective of the global minimum variance
approach is to minimize the total portfolio risk.
Among the risk-based approaches, this is the only
one to indicate the portfolio that lies on the ex-an-
te efficient frontier (Markowitz, 1952; Clark et al,,
2011). In fact, the results of the optimization pro-
cess are portfolio weights that minimize the port-
folio variance, with the calculation formula being
the objective function. Therefore, the sole inputs of

http://dx.doi.org/10.21511/imfi.16(3).2019.24
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the process are the elements of the covariance ma-
trix. The exclusion of the expected returns from
the portfolio construction process justifies the in-
clusion of the global minimum variance portfolio
into the class of risk-based strategies.

The constraints on the optimization process re-
main the budget and the no-short selling con-
straints. In this case, the quadratic program-
ming problem assumes the following matrix
formulation:

min w'Ew
subject to

we=1

[w] =0.

®)

The solution to the problem admits the existence
of weights equal to zero, so the global minimum
variance approach can exclude some of the con-
stituents of the investment universe from the
portfolio. The minimization of the total risk is
achieved when all the components included in the
portfolio have equal marginal risks, that is, when
it is verified that:

00, _ 0% y; ;.
ow, Ow,

! J

6)

Given the equality of the marginal risks, to have
an equal risk contribution, each portfolio constit-
uent should have the same weight. However, as the
weights are usually different from each other, so
are the relative risk contributions. Additionally,
the equality of the marginal risks means that the
percentage of risk contribution (i.e., the percent-
age of the risk derived from the exposure in each
component) corresponds to the respective portfo-
lio weight (Braga, 2016).

1.3. The most diversified portfolio

In the most diversified portfolio approach
(Choueifaty & Coignard, 2008), asset allocation is
based on maximizing the degree of diversification,
which is measured by the diversification ratio.
This measure is calculated using the ratio between
the weighted average of the standard deviations of
the portfolio constituents and the standard devia-

http://dx.doi.org/10.21511/imfi.16(3).2019.24

tion of the portfolio itself. The matrix formulation
of the diversification ratio is as follows:

w'c
DR, = ——, (7)
VWZwW
where o is the vector of the estimated standard

deviations of constituents’ returns, and W is the
portfolio weight vector.

The numerator of the diversification ratio corre-
sponds to the standard deviation of the portfolio if
all the constituents have a correlation of +1. In this
case, the standard deviation is at the highest pos-
sible level. Consequently, for a long-only portfolio,
the minimum value that the diversification ratio
can take is equal to 1, if all correlations are per-
fectly positive (alternatively, in the case of a port-
folio with a single constituent).

The objective of the most diversified portfolio
approach is to maximize the diversification ra-
tio; therefore, this index acts as the objective
function in the corresponding constrained op-
timization problem, whose matrix is represent-
ed as follows:

subject to

we=1

[W] >0. ®

In addition, in this case, we find the budget and
no-short selling constraints common to the other
approaches. The solution is represented by the port-
folio weight vector and is derived by an iterative nu-
merical process. This optimization does not require
all constituents of the investment universe to be in-
cluded in the portfolio; therefore, the procedure can
define weights to be equal to zero for some of them.
Furthermore, the strategy does not use the risk
budgeting tools; thus, the most diversified portfolio
approach does not guarantee ex ante a balanced in-
vestment in terms of risk or asset allocation.

1.4.The equal-weighted portfolio

The equal-weighted approach, or equal weighting,
is a simple heuristic strategy, which assigns the
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same weight to each constituent of the investment
universe; thus, it is also referred to as the l/ N

strategy. Given the absence of a scientific theory
that supports its use, this technique has often been
a subject of study in the field of behavioral finance
(Benartzi & Thaler, 2001; Windcliff & Boyle, 2004).

A similarity with the optimal risk parity strategy
can be noted, although the latter is more sophis-
ticated. To illustrate, the equal-weighted approach
applies the 1/ N rule to asset allocation, whereas
the optimal risk parity approach applies it to risk
allocation. However, another aspect that unites the
two approaches is the selection of assets. Unlike the
global minimum variance and maximum diversifi-
cation approaches, the equal weighting and optimal
risk parity approaches guarantee that the entire in-
vestment universe is always included in the portfo-
lio selected by the investor (Clark et al., 2013).

Therefore, the equal weighting approach does not
require any statistical analysis of returns or any
estimation; however, despite being very simplified,
it is still considered a risk-based strategy, as the al-
location mechanism seeks a strong diversification
of the risks.

Some empirical analyses of the ex post perfor-
mances of the equal-weighted portfolios have re-
vealed situations in which this approach shows
statistically higher results than those produced by
the more sophisticated approaches (DeMiguel et
al., 2009), even though the scientific literature has
not reached an unanimous consensus on the sub-
ject (Kritzman et al., 2010).

2. METHODOLOGY
OF THE EMPIRICAL
ANALYSIS

The evaluation of the efficiency of the different as-
set class breakdown techniques in the risk-based
portfolio construction models requires the meas-
urement of their out-of-sample performance.
These data can be obtained by implementing a
rolling-window procedure, which allows the sim-
ulation of the behavior of a portfolio constructed
by an investor who performs portfolio optimiza-
tion based on the available data at the time of the
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allocation, measures the statistical characteristics
of the portfolio, and rebalances its weights accord-
ing to predefined techniques.

In the subsequent empirical analyses, the optimi-
zation processes are carried out using the returns
on equity investments in excess of the risk-free
rate. Since we intend to carry out the empirical
analysis from the perspective of a Eurozone inves-
tor, the benchmarks used are all denominated in
euro. Accordingly, the 12-month Euribor rate is
assumed as the risk-free rate.

2.1. Descriptive statistics
of the data sample

Regarding the alternative criteria for segmenta-
tion of the global stock market, represented by the
MSCI All Country World Index (ACWI) bench-
mark, the sectorial approach identifies eleven sec-
tors, while the geographic approach designates six
main geographical areas. We choose not to use a
higher number of geographical segments because
of two reasons. The first is to avoid assigning high
weights to marginal areas in the actual composi-
tion of the global market. The second is to limit the
number of parameters to be estimated, and there-
fore, the estimation risk (Basile & Ferrari, 2016).

Table 1 shows the actual weights of the MSCI
ACWI global benchmark in October 2018, broken
down sectorially and geographically. From the
comparison between the two methodologies, we
can observe a lower degree of concentration of the
first criterion with respect to the second, an ele-
ment, which, as we shall see, is decisive in ensur-
ing the superior efficiency of the risk-based portfo-
lios using sector indices.

The indices used are total return, gross of taxes,
and free-float weighted. For each index, the sam-
ple comprises a time series of 240 monthly returns
from November 1998 to October 2018. We choose
a long-term sample to obtain a time series of 15
years, thus including different market phases and
the occurrence of extreme events. The out-of-sam-
ple time span of five years is used for estimating
the performances of the risk-based portfolios.

The first four sample moments of the entire data-
set are shown in Table 2. Overall, there is only one

http://dx.doi.org/10.21511/imfi.16(3).2019.24
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Table 1. Weights of the sectorial and geographic segmentation of the MSCI ACWI

Asset class

MSCI ACWI/Consumer Discretionary GR

: MSCI ACWI/Consumer Staples GR

Sector

Geographic

{ MSCI United Kingdom GR

case of positive skewness, whereas all the other 2.2.Tests of deviations from

stock indices are characterized by negative skew- normality for the data sample

ness; moreover, all the empirical distributions are

leptokurtic. In light of the sample moments shown in Table 2, it
is necessary to test the deviations from normality of

Regarding the sectorial and the geographic crite- the time series. To this end, the following aspects are

ria, there are no negative correlations between the analyzed: normality, autocorrelation, heteroscedas-

excess returns (Tables 3 and 4), stressing that the ticity, and stationarity of distributions, with a signif-

stock markets tend to move in the same direction icance level of 5% being selected. The results of the

when shocks caused by global risk factors occur. statistical tests are summarized in Table 5.

Table 2. Descriptive statistics of the benchmarks’ excess returns

Expected @ Standard

Asset class return | deviation

Skewness Kurtosis

MSCI ACWI/Consumer Discretionary GR . 048% | 482%  -046 476
L e
S
T e R
T e
P S T S
O R T R
R
P T S
e R
e e T
o e
o R R
P o e S
P R e
e s S

{ MSCI ACWI/Consumer Staples GR 0.45%
MSCI ACWI/Energy GR - o 056% S
MSCI ACWI/Financials GR - o 032% o
MSCI ACWI/Health Care GR - o 044% B o
Sector MSCI ACWI/Industrials GR 048%
 MSCIACWI/Information Technology GR ~~© 0.59%
MSCI ACWI/Materials GR - o 057% B o
MSCI ACWI/Real Estate GR - o 048% B o
MSCI ACWI/Telecom Services GR‘ - o 018% o
MSCI ACWI/Utilities GR - o 033% o
MSCI Emerging Markets GR - 081%
MSCI Europe ex UK GR 035%
MSCl Japan GR 026%
MSCI North America GR - o 043% o
MSCI Pacific ex Japan GR - 053%
MSCI United Kingdom GR 029% 393% -0.63 3.74

Geographic

http://dx.doi.org/10.21511/imfi.16(3).2019.24 265
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Table 3. The correlation matrix of the sectorial benchmarks’ excess returns

fMSCIACWI/ MSCI ACWI/ i MSCI ACWI/ i MSCI ACWI/ ; MSCIACWI/ MSCIACWI/ MSCI ACWI/ i MSCI ACWI/ i MSCI ACWI/ ; MSCIACWI/ MSCI ACWI/

i Consumer i Consumer | Energy GR Fmanaals GR: Health Care | Industrials i Information :Materials GR: ReaIEstate§ Telecom | Utilities GR
Sector i Discretio | Staples GR : : GR GR Technology ‘ GR i Services GR !

i naryGR : : : : : :

MSCI ACWI/Consumer i 100 ¢ 055 i 055 i 08 ¢ 054 i 090 i 08 i 074 i073 i 066 ¢ 051
Dlscretlonary GR : : : : H : : H : : :

040

I\/ISCIACWI/ConsumerStapIesGR : : : ; H : : : : :
MSCI ACWI/Energy GR © 05 ¢ 045 ¢ 100 : 058 ¢ 037 . 068 : 045 i 077 : 054 i 039 053

061 i 08 : 066 i 074 : 08 054 i 059

I\/ISCI ACWI/FmanmaIs GR : : : : : : :
MSCI ACV\/I/HeaIth Care GR H 0.54 H 0.68 H 0.37 H 0.61 H 1.00 H 0.58 H 0.39 H 0.43 H 0.51 H 0.41 H 0.54

MSCI ACWI/IndustrlaIs GR : ; : H i : :
MSCI ACWI/Information 0.83 0.35 0.45 0.66 0.39 0.76 1.00 0.60 0.53 0.72 0.40
Technology GR ‘ : : ; H ‘ H : ; : :

0.54 : 0.80 0.53

MSCI ACWI/MaterlaIs GR

MSCI ACWI/ReaI Estate GR

039 072 : : :

0.53 0.40

MSCI ACWI/TeIecom Services GR

MSCI ACWI/Utilities GR

Table 4. The correlation matrix of the geographic benchmarks’ excess returns

MSCI MSCI MSCI MSCI MSCI MSCI

Geographic Emerging Markets GR Europe ex UK GR Japan GR North America GR PacificexJapan GR i United Kingdom GR

MSCI Emerging Markets GR 1.00 0.74 0.43 0.76 0.84

MSCI Europe ex UK GR 0.74 1.00 0.51 0.84 0.77

MSClJapan GR 0.43 0.51 1.00 0.45 0.46

MSCI North America GR 0.76 0.84 0.45 1.00 0.79

MSCl Pacifc ex Japan GR 0.84 0.77 0.46 0.79 1.00

MSCI United Kingdom GR 0.69 0.85 0.41 0.82 0.75
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Table 5. Tests of deviations from normality of the benchmarks’ excess returns

Ljung- Box test

Jarque-Bera test! Lilliefors test* Ljung-Box test Engle’s ARCH test on x2 ADF test!
Asset class ; : : : : : : : 5 : :

Stat p-value Stat p-value Stat p-value Stat p-value Stat p-value Stat p-value

MSCI ACWI/Consumer Dlscrenonary GR 39.423 0.10% 0.079 0.11% 10.794 5.56% 18.670 0.22% 23.711 0.02% —6.279 0.10%
] MSCI ACWI'/'CHO‘r;sumer Staples & 43.704 0.10% 0.074 0.27% 6.609 25.14% 24.015 0.02% 22.762 0.04% -5.613 . 010% .
MSCI ACWI'/'E'H‘e‘rgy « 4.297 9.14% 0.037 50.00% 2.524 77.29% 10.996 5.15% 8.800 11.73% —-6.643 010% .
MSCI ACWI'/'F'l‘r;z‘anaaIs Gé ....... 91.161 0.10% 0.077 0.16% 17.626 0.35% 53.495 0.00% 102.346 0.00% -6.352 010%
""""""""" 13.720 0.66% 0.088 0.10% 5.755 33.08% 14.539 1.25% 19.254 0.17% -6.295 . 010% .
Sector MSCIACWIndustrials GR 108.955 0.10% 0.097 0.10% 14.749 1.15% 24.576 0.02% 37.487 0.00% -6.028 010%
MSCI ACWI'/'Ir;f‘c‘)rmat]on Technolog&/"G}{m 26.833 0.10% 0.090 0.10% 6.435 26.62% 61.968 0.00% 95.067 0.00% -5.568 010%
MSCI ACWI'/'I\;Iz‘a‘terlals & 76.683 0.10% 0.055 7.59% 12.101 3.34% 29.713 0.00% 32.053 0.00% -6.928 010%
MSCI ACWI'/ER';e‘a‘I ftatecR 170.766 0.10% 0.086 0.10% 18.838 0.21% 42.888 0.00% 77.899 0.00% —6.246 010% .
MSCI ACWI)%éiécom ServicesGR 41.636 0.10% 0.080 0.10% 17.767 0.33% 38.783 0.00% 78.058 0.00% -5.491 010% .
MSCI ACW|’/’UHT."I|‘IT.'IES @« 47.264 0.10% 0.100 0.10% 5.759 33.03% 10.486 6.26% 13.168 2.19% -5.303 OlO% .
MSCI Emer'g;r;g“l\/larkets'GR ...... 41.120 0.10% 0.057 5.57% 15.462 0.86% 11.405 4.39% 14.976 1.05% —6.423 010%
MSCI Europé 'c‘e‘x‘UK o 27.667 0.10% 0.067 1.16% 10.365 6.55% 21.526 0.06% 35.073 0.00% -5.364 010%
MSCI Japan'é}? """""""""" 2.608 22.46% 0.043 34.48% 15.852 0.73% 5.721 33.43% 5.329 37.75% -5.845 010%
Geographic i f R

35.523 0.10% 0.086 0.10% 8.625 12.50% 31.052 0.00% 52.229 0.00% -5.992 0.10%
...... 42.370 0.10% 0.077 0.17% 7.033 21.82% 13.777 1.71% 15.188 0.96% -5.972 010%
MSCI United Kingdom GRH ...... 21.417 0.10% 0.063 2.41% 6.816 23.47% 26.421 0.01% 39.185 0.00% -5.628 010%

Note: p-values above 5% are in bold, * p-value is bounded by the 0.10%-50% interval.
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The normality hypothesis is verified by two tests.
The first, the Jarque-Bera test (Jarque & Bera, 1987)
is more suitable when used on large samples; how-
ever, when applied to a not very large sample size
like in this case, it is preferable to combine it with
the Lilliefors normality test (Lilliefors, 1967). The
two tests produce similar results. According to the
Jarque-Bera test, the hypothesis of Gaussian distribu-
tion is accepted in only two cases, while the Lilliefors
test accepts this hypothesis in only four cases. The
conclusion of non-normality holds for both the sec-
torial and geographic segmentation approaches.

The presence of autocorrelation is verified by the
Ljung-Box test (Box et al., 2015), which is used to
verify the hypothesis that the correlation coefficients
between a variable and its first m lags are all null. The
statistic has an asymptotic Chi-square distribution
with m degrees of freedom, and the rejection area
corresponds to the right tail of the distribution. The
number of lags is determined following Tsay (2000),
who suggests using a number close to the natural
logarithm of the number of observations in the time
series. As the sample size in this case is 240, the test
is performed considering five lags.

The Ljung-Box test (Table 5) reports ten cases in
which the hypothesis of absence of autocorrelation is
accepted, and seven cases in which the hypothesis is
rejected, both with reference to the sectorial and ge-
ographic criteria, but with a higher incidence in the
latter one.

Heteroscedasticity is verified through two different
tests: the Engle’s ARCH test (Engle, 1982) and the
Ljung-Box test on the squared residuals. Both re-
quire the definition of the number of lags. As for the
previous Ljung-Box test, this parameter is set equal
to five.

As reported in Table 5, the Engle’s ARCH test ac-
cepts the hypothesis of absence of heteroscedasticity
in only three cases, while the Ljung-Box test on the
squared residuals accepts this hypothesis in only two
cases. Therefore, these empirical analyses indicate
that volatility is not constant over time, but tends to
change depending on the past values of the variable.

The time series analysis further requires verifying

stationarity, a necessary condition to assume the
constancy of the estimated distribution parameters.
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For this purpose, we use the augmented Dickey-
Fuller test (ADF), which verifies that the stochastic
process has no unit root; thus, it does not satisfy the
stationarity condition (Dickey & Fuller, 1979). Also,
for this test, five lags are taken into account.

As seen in Table 5, in all cases, the hypothesis of a
unit root is rejected; therefore, the time series of each
index can be considered stationary.

The statistical analyses presented here highlight se-
vere deviations from the hypotheses formulated
in the portfolio theory and the capital asset pric-
ing model for the construction of efficient port-
folios. Consequently, risk-based allocation tech-
niques appear more suitable, as they are more par-
simonious in terms of estimates necessary for their
implementation.

2.3.The implementation
of the empirical analysis

The strategies of portfolio construction subjected
to analysis are the following:

o the optimal risk parity, using the standard devi-
ation as the measure of risk;

o the global minimum variance portfolio;

+ the most diversified portfolio;

o the equal-weighted portfolio;

o the optimal risk parity, using the expect-
ed shortfall at the 95% confidence level as the
measure of risk;

o the minimization of the expected shortfall
(95%);

o the maximization of the Sharpe ratio, includ-
ed for comparison with risk-based techniques.

Each strategy is implemented using both the sec-
torial and the geographic criteria to determine
which of the two is preferable.

Given that risk decomposition techniques can be ap-
plied using different risk measures, empirical anal-
yses are also carried out with the objective of com-
paring risk-based strategies that differ from each
other in this element, with the selected risk meas-
ures being the standard deviation and the expected
shortfall (95%). The first is chosen, because it is used
in traditional asset allocation models, while the use
of the expected shortfall is consistent with the pres-
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ence of significant deviations from the Gaussian dis-
tribution, as previously verified empirically.

The sample estimates of the standard deviations are
based on the 60 most recent observations, accord-
ing to a rolling-window procedure. Similarly, the ex-
pected shortfall is estimated by the method of his-
torical simulations using the 60 most recent obser-
vations and following a rolling-window procedure.

The budget and the no short-selling constraints are
imposed on the optimization processes. We decid-
ed not to use additional constraints, both in terms
of portfolio allocation and risk allocation, as their
presence would attenuate the distinctive features of
the different approaches, making them more similar
to each other, which would lead to significant diffi-
culties in the comparative assessment.

Calendar rebalancing, with a quarterly frequen-
cy, is chosen for the empirical analysis. Therefore,
given the sample length of 240 months and the 60
months used in samples estimates, 60 portfolios
are processed for each strategy examined with
a rolling-window procedure, for a total of 180
monthly out-of-sample observations. With a quar-
terly frequency, the specific portfolio optimization
process is carried out (based on the data provided
by the rolling-window procedure) for each portfo-
lio construction strategy, and the previous portfo-
lio weights are modified.

The quantification of the transaction costs has an im-
portant role, since some strategies are less stable than

others. A lower stability means higher rebalancing
costs, and therefore, lower net returns. In this case, a
uniform cost of 0.2% is defined for each component
of the portfolio, since the financial instruments that
allow the replication of the return of each asset class
are characterized by a similar level of liquidity.

The matrix formula used to represent the value of
a portfolio considering the costs incurred to carry
out each rebalancing is as follows:

reb
v, (1—cZ‘xi —X;

where v, represents the money value of the i-th
portfolio, ¢ is the transaction cost, and X, and X;Eb
represent the vectors of the weights of the i-th port-
folio before and after the rebalancing, respectively.

), ©)

3. THE RESULTS OF THE
EMPIRICAL ANALYSIS

3.1. Descriptive statistics
of the out-of-sample portfolios

Firstly, we perform an analysis of the sample mo-
ments. Table 6 summarizes the out-of-sample first
four moments of the excess returns of the different
strategies. We observe that the strategies are suit-
able for the construction of portfolios with perfor-
mance objectives that are also significantly higher
than the risk-free rate; thus, the investor’s choice is
not limited to defensive portfolios only. In general,

Table 6. Descriptive statistics of the portfolios’ excess returns

Strategy E’:gf::ﬁd (Sig?:t?;ﬂ Skewness Kurtosis
Equally weighted 0.60% : 3.60% : -1.12 : 6.46
_Global minimum variance 061% 274% 901 499
MaxSharperato . 073%  361% -097 . 478
Sector Minimum expected shortfall 95% 0.56% 2.91% : -0.92 4.48
Mostdiersified portfolio  06%  32% 118 . 608
Risk parity expected shortfal 95% 0.61% 339% 122 663
Risk parity standard deviation 0.61% H 3.37% -1.19 H 6.47
Equallyweighted  056%  347% -106 . 581
Global minimum variance 060% 3.40% -125 621
Max Sharperatio 0.85%  442% . -080 . 6.24
Geographic Minimum expected shortfall 95% 0.58% 3.52% -1.10 - 597
Most diversified portfolio 0.45% : 3.29% : -0.90 : 5.41
Riskparity expectedshortfall9s%  056% . 340% 114 . 602
“Risk parity standard deviation 0.56% : 3.41% : -1.10 : 5.91
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we observe that all the distributions present neg-
ative skewness and leptokurtosis, with the results
being similar to those found in the analyses of the
asset class benchmarks.

3.2.Tests of deviations
from normality for the out-
of-sample portfolios

The hypothesis of normality of the excess returns
of risk-based portfolios is tested using the same
procedures and methods set for the individual
indices. The results are reported in Table 7.

According to the Jarque-Bera test, we observe
that in no case is the hypothesis of Gaussian
distribution accepted, while with the Lilliefors
test there is only one portfolio with a p-value
higher than the significance level of 5%, thus,
the Gaussian distribution hypothesis of excess
returns is accepted only in this case.

The presence of autocorrelation is verified us-
ing the Ljung-Box test, whose results indicate
six cases in which the hypothesis of absence of
autocorrelation is accepted, and eight cases in
which the hypothesis is rejected.

The presence of heteroscedasticity is verified
using the Engle’s ARCH test and the Ljung-Box
test on the squared residuals. The results, sum-
marized in Table 7, indicate that homoscedas-
ticity is rejected in every portfolio.

The verification of stationarity is carried out us-
ing the Augmented Dickey-Fuller (ADF) test. In
all cases, the hypothesis of unit root is rejected;
thus, all the time series are stationary.

In general, all the hypothesis tests carried out
on the time series of excess returns validate the
characteristics observed in benchmarks.

3.3. Comparative analysis of the risk-
based strategies

The identification of the segmentation technique
most suitable for risk-based portfolios requires the
evaluation of different elements such as the port-
folio risk, portfolio efficiency, and the higher mo-
ments of the distribution of excess returns.
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The first element considered is the portfolio risk. It is

a highly distinctive characteristic of risk-based strat-
egies, which are based above all on it. Risk is assessed

using the measures previously considered in the

portfolio optimization process, namely, the standard

deviation and the expected shortfall (95%).

The second element considered is efficiency, as the
identification of the portfolio with the best risk-ad-
justed performance is the investor’s primary objec-
tive. The evaluation of portfolios’ efficiency is carried
out using three metrics, namely, the Sharpe ratio
(Sharpe, 1994), the Sortino ratio (Sortino & Van der
Meer, 1991), and the conditional Sharpe ratio at 95%
(Bacon, 2008) (i.e., the ratio between the mean excess
return and the expected shortfall at the 95% confi-
dence level).

The third element is represented by the higher mo-
ments of the distributions. As the tests carried out
previously on the time series reject the hypothesis of
normality, it is necessary to consider skewness and
kurtosis.

It is possible to make some observations based on the
sample standard deviation (Table 6), measured out-
of-sample on a monthly basis. Firstly, the sectorial
criterion is significantly superior to the geographi-
cal criterion, as shown by the comparative results for
each strategy that uses it, with the exception of equal
weighting. Secondly, traditional strategies produce
unsatisfactory results maximizing the Sharpe ratio.

Table 8 reports the expected shortfall (95%) mea-
sured for the different strategies. In line with ob-
servations of the standard deviation, the sectorial
criterion appears to be systematically preferable
to the geographic criterion regarding all alloca-
tion techniques. In particular, the two techniques
of segmentation of the investable equity universe
produce antithetical results, especially when ap-
plied to the minimization of the expected short-
fall (95%). In fact, the portfolio based on sector in-
dices has a lower level of ex post risk than almost
every other strategy, with the exception of the
global minimum variance. On the contrary, the
geographic minimization strategy of the expected
shortfall (95%) achieves an extremely negative re-
sult, among the worst in the sample, demonstrat-
ing the inconsistency of the ex post asset alloca-
tion with respect to the ex ante measured inputs.
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Table 7. Tests of deviations from normality for portfolios’ excess returns

Strategy

Lilliefors test!

Jarque-Bera test!

Stat p-value

Stat

¢ p-value

Ljung-Box test

Stat p-value

Engle’s ARCH test Ljung-Box test on x2

Stat p-value

Stat

¢ p-value

ADF test!

Stat p-value

Sector

Geographic

Equally weighted

i Global minimum
i variance

Minimum expected
: shortfall 95%

Most diversified

i portfolio

Risk parity expected
: shortfall 95% H

Risk parity standard
: deviation

: Global minimum
i variance

Minimum expected
: shortfall 95%

Most diversified

i portfolio

Risk parity expected
: shortfall 95% H

 Risk parity standard
i deviation

127383 | 0.10%

60.306 | 0.10%

EMaxSharpe ratio 51.743 0.10%

41817 010%
113395 | 0.10%
143760 = 0.10%

132903 = 0.10%

‘Equally weighted | 92,643 | 0.10%

123948 0.10%

‘MaxSharperatio | 97.920 i 0.10%

102.566 | 0.10%
67.871 | 0.10%
107167 | 0.10%

99630 | 0.10%

0100

0.087

0.064

0.089

0.088

0.098

0.105

0.112

0.117

0.104

0.085

0.101

0.110

0.105

0.10%

0.22%

0.14%
0.16%
0.10%

0.10%

0.10%

0.10%

0.10%

0.33%

0.10%

0.10%

0.10%

13.548 |

7.20%

15.758

10802

3.798 57.88%
N
3.717 59.09%
7.162 20.89%
13.377 2.01%

13010 233%
16968 = 0.46%

9.634 | 8.63%
16531 0.55%
15835 073%

16902 | 047%

1.88%

55.92% |

076%

5.55%

28.535 | 0.00%

29007 . 0.00%

16.180 | 0.63%

17349 0.39%
22432 0.04%
30839  0.00%

28751 0.00%

23317 | 0.03%

24942 001%

15095 © 1.00%

24037 0.02%
21753 | 0.06%
21293 0.07%

23515 | 0.03%

45147

35.078

19.538

22.966

29.699

46.954

44.774

40364

38.929

20.734

27.006

37.059

36.179

40.794

0.00%

0.00%

0.15%

0.03%

0.00%

0.00%

0.00%

0.00%

0.09%

0.01%

0.00%

0.00%

0.00%

-5397

0.00%

-4957 | 010%

-4832 | 0.10%

5187 | 0.10%
5113 0.10%
5258 | 0.10%

5239 0.10%

-5303 | 0.10%

5693 | 0.10%

-5619 | 0.10%

-5.805 | 0.10%
5691 | 0.10%
5380 | 0.10%

5361 | 0.10%

0.10%

Note: p-values above 5% are in bold, * p-value is bounded by the 0.10%-50% interval.
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Table 8. The risk-adjusted performance of the risk-based portfolios

Strategy ey Sratio. shortali(38%) | "vatio (953 T
(Equally weighted 017 023 -9.02% : o007
qubalminimumyarianpe 77777 022 032 —667% ¢ cos
I\/Iar>V<VSharprerraticr>” R O.ZQ 77777 ) 07.729 e f8.75% 777777777 Q.VOS 77777

Sector i Minimum expected shortfall 95% 0.19 0.28 —7.01% 0.08
Most diversified portfolio 020 028 -810% 008
Risk parity expected shortfall 95% = 018 o025 -866% 007
Risk parity standard deviation = 018 025 -856% 007
7 Eqﬁérllywéirgrhtecri” T O.lé 77777 7 07.722 S ;8492% 777777777 0:06 77777
Global minimum variance | 018 024 -898% 007
Mé)%éharbérraﬁcr)” T O.lé 77777 7 07.729 - ”””—710.20% 777777777 0:08 77777
Geographic Mihrirmumrékpecrtérd shrorrrtfallr975% R 0.17 77777 - 07.723 S ;9.32% 777777777 0:06 77777
Most diversified portfolio 014 RCECTE -851% 005
Risk parity expected shortfall 95% = 017 023 —895% 006
Risk parity standard deviation | 016 023 -887% 006

According to the traditional capital asset pricing
model, the measure that enables the identification
of the most efficient portfolio is the Sharpe ratio.
Thus, the efficiency analysis begins with this in-
dex, whose values are reported in Table 8. Also
in this case the sectorial criterion is significant-
ly preferable to the geographic one. Furthermore,
the traditional strategy, which selects the portfo-
lio with the maximum ex ante Sharpe ratio, pro-
duces a positive ex post result; however, the most
efficient portfolio is the one constructed by the
global minimum variance strategy using sector
indices.

The non-normality of distributions makes the
Sharpe ratio a suboptimal indicator of portfo-
lio efficiency. Therefore, the Sortino ratio is also
used, as it is calculated as the ratio between the
mean excess return and the downside deviation.
Additionally, the Sortino ratio represents the ex-
tra yield compared to the objective rate of return
per unit of asymmetric risk (i.e., of downside risk).
In this analysis, the target rate is set equal to the
risk-free rate, considering the risk-free return as
the opportunity cost.

The values of the Sortino ratio are reported in
Table 8. Despite the different measurement meth-
odology, its ranking replicates the one achieved
previously with the Sharpe ratio. The previous
considerations are also verified, indicating that
the sectorial criterion is significantly preferable to
the geographic one.
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The conditional Sharpe ratio (95%) aims to con-
sider investors’ preference in preventing extreme
negative events (i.e., “tail risk”). The results pre-
sented in Table 8 show a very strong similarity
with those drawn from the other two risk-adjust-
ed performance measures. Also in this third case,
we can verify the considerations discussed above
and the superiority of the sector segmentation to
the geographic one.

The preceding empirical analyses show that both
the time series of the excess returns of the bench-
marks and of the risk-based strategies are subject
to negative skewness and leptokurtosis.

The values of the skewness are shown in Table 7.
The fact that this measure is not considered in the
portfolio optimization processes causes a certain
degree of randomness in the results; therefore, we
cannot infer the dominance of a segmentation
criterion.

The investors’ interest in risk-based strategies is
due to their conservative nature and their focus on
the risk alone. Hence, kurtosis can be particular-
ly important, given its effect on determining the
probability of extreme events. As for the skewness,
it must be considered that the parameter is not in-
cluded in the inputs of the optimization processes.
The levels of kurtosis are presented in Table 7. In
this case, the best result is produced by the strate-
gy of minimization of the expected shortfall (95%)
using sector indices.
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CONCLUSION

Regarding the two alternative approaches for segmentation of the stock market, our comparative analy-
sis provides substantially coherent results, demonstrating a significant preference for the sectorial crite-
rion compared to the geographic one. This result can be attributed to the subdivision of the investment
universe into sectorial indices characterized by greater internal coherence and better external differen-
tiation, in addition to the lower concentration of sectorial segmentation compared to the geographical
one. In fact, this last characteristic ensures that the outcome of the risk-based strategies is not strongly
linked to the relative performance of the markets characterized by a greater weight, as happens in the
geographic decomposition.

Risk-based strategies aim to provide a solution to the critical elements of traditional asset allocation
models. Based on the results of the empirical analysis, we observe that the strategies based on the min-
imization of a risk measure show overall superior results to sector indices. In particular, the strategy
that has shown the best results is the global minimum variance with sectorial segmentation, which
particularly benefits from the considerable capacity for diversification inherent in this decomposition
technique.

Conversely, in all cases, strategies based on the optimal risk parity do not rank in the top positions of the
various evaluation methods employed. Nevertheless, for these techniques, the results produced using
the sector criterion dominate those produced using the geographic alternative.

These empirical evidences can be interpreted starting from the theoretical foundations on which the
optimal risk parity approach is based. Assuming a high estimation error in the parameters, this is a
strategy that imposes tight constraints on the portfolio construction process, since all the components
of the investment universe must have the same ex ante percentage risk contribution; therefore, no com-
ponent can be excluded from the asset allocation. The constraints imposed have two purposes, the first
is to avoid the concentration of risk in a limited number of assets, and the second is the containment
of transaction costs due to rebalancing. If, as in the present case, the estimation error is not sufficiently
severe, these constraints make it impossible to reach an optimal allocation in the mean-variance space,
empirically verifying the criticisms formulated by Lee (2011) and Scherer (2011).
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